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Road-Map

» This lecture:
» Deep Learning cont'd
» More advanced topics:
» Recurrent neural networks and
beyond.

» Throughout lectures - hands-on:

» Basics on Tensorflow & Keras
» Examples related to the day’s topics
in Tensorflow
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Keras & Tensorflow Basics

tensorflow.org
Keras API: https://wuw.tensorflow.org/guide/keras/sequential_model
Fun data sets to play with: https://www.kaggle.com/datasets

vV vYyy

Some "clean” data to play with:
https://archive.ics.uci.edu/ml/index.php

v

Help for debugging — Tensorboard:
https://www.tensorflow.org/tensorboard
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A Gentle First Example

» Let's look at the notebook: demo/03_Gentle_DNN.ipynb.
» This Notebook contains all the basic functionality from a theoretical point of view.

» 2 simple examples, one regression, and one classification.
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Action Required

Look at the test functions on the right-hand side*.
Pick three of those test functions (from Genz
1987).

» Approximate a 2-dimensional function stated
below with Neural Nets based 10,50,100,500
points randomly sampled from [0, 1]°.
Compute the average and maximum error.

» The errors should be computed by generating
1,000 uniformly distributed random test

points from within the computational domain.

» Plot the maximum and average error as a
function of the number of sample points.

» Repeat the same for 5-dimensional and
10-dimensional functions. Is there anything
particular you observe?

*Choose the parameters w and c in meaningful ways.

d
oscillatory: f,(x) = cos (2nw1 + ZC,x,).
=1

4 1
product peak: f5(c) =[] (¢j* + (xi —wi)?),

i=1

g @+1)
corner peak: filx)= (1 + Zc’.m) B
#=1

d
Gaussian: f4(x) = exp (7 pr G —wy )2),

i=1
d4

continuous: f5(x) = exp (7 Zcu - lx —w; )
iml

di ) . 0, if x1 > w1 orx2 > ws,
scontinuous: fglx) =
peinaa o exp (X, cixi), otherwise
Varying test functions can be obtained by altering the parameters ¢ =
(cy,...,¢,) and w = (wy, ..., w,). We chose these parameters randomly from
[0, 1]. Similarly to Barthelmann et al. [2000], we normalized the ¢; such that
3¢ e = b, with b, depending ond, f; according to

J 12 38 4 5 6

b; 1.5 d 1.85 7.03 20.4 43

Furthermore, we normalized the w; such that )::t] wi=1
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Action Required (II)

» Play with the architecture:

» Number of hidden layers.

» activation functions.

» choice of the stochastic gradient descent algorithm.

» Monitor the performance with respect to the architecture.
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A Semi-Comprehensive TF Tour

applied_machine_learning_2021/src/day5

» demo/04_TF_tour.ipynb ] Motebook
» 5 examples (incl. Kaggle data set
from Lending Club) =
» Tensorboard e
» On Nuvolos: In-cell it won't work in Console
JupyterLab.
» Once you've run all the cells, go to A

the launcher, click TensorBoard, and
you should be good to go.

P Right after this, a new tensorboard Ofer
tab should show up that contains the — M - -
expected. E — v 7 f
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Action Required

» Focus on the example with the Kaggle data set.
» Play with the architecture.
» Number of hidden layers.
» activation functions.
» choice of the stochastic gradient descent algorithm.
» Monitor the performance with respect to the architecture.

Try to use Tensorboard.
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Some Personal Take-Away

Swish activation is the “best” if you need smooth and deep.
Multiple of 2 for network (training speed).

Smaller learning rate with deeper networks.

Batch normalization for speed.

Glorot initialization.

vVvYvyvVvYyy

Custom layers for custom models (https:
//www.tensorflow.org/tutorials/customization/custom_layers).
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https://www.tensorflow.org/tutorials/customization/custom_layers

A Break — Mountains
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Beyond Vanilla DNN

» Not all applications are plain vanilla deep neural nets.

P There exist situations where more intricate architectures are needed.
» Examples:
» Time-series comparisons, such as estimating how closely related two documents or
two stock tickers are.
» Sequence-to-sequence learning, such as decoding an English sentence into French.
» Sentiment analysis, such as classifying the sentiment of tweets or movie reviews as
positive or negative.
» Time-series forecasting, such as predicting the future weather at a certain location,
given recent weather data.
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Example

Given a picture of a ball, can we predict where it will go?
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Example

Given a picture of a ball, can we predict where it will go?
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A Sequence Modeling Problem: Predict the Next
Word



A Sequence Modeling Problem: Predict the Next
Word

“Today, we are having a class on deep learning”
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A Sequence Modeling Problem: Audio




A Sequence Modeling Problem: Beethoven

IIl. Scherzo BEETHOUE

n
X
&
=
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https://www.youtube.com/watch?v=Rvj30blscqw

16 /74


https://www.youtube.com/watch?v=Rvj3Oblscqw

The Perceptron Revisited

J/ ]_\I m
\\:/ ™ — (wo i) - g (w{) + Z "C‘Lw’l
/ T . \H‘“'\‘_‘ i=1
\ 1 — w1 — -

P T A I - Activation Functions
r/"P ~ Wo ,/ RN \ N e.g. sigmoid function
TKIQ/I /;'\LJ C—}/ L y / (Z)—J(7) _ 1

= w3 - — - g g — 2) = 11—

Y
(om) | -
Inputs Weights sSum Non-Linearity Output

—> Bias term allows you to shift your activation function to the left or the right
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Feed-Forward Nets Revisited
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Recurrent Neural Nets

http://colah.github.io/posts/2015-08-Understanding-LSTMs/

» To model sequences, we need to @
» Handle variable-length sequences. A
» Track long-term dependencies.
» Maintain information about the | |
order. A
P Share parameters across the
sequence.

» Recurrent Neural Networks (RNN) are an approach to sequence modeling
problems (Rumelhart et al. (1986)).

» More specifically, given an observation sequence x = {x1, x2,...,x7} and its
corresponding label y = {y1,y»,...,y7}, we want to learn a map f: x — y.
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http://colah.github.io/posts/2015-08-Understanding-LSTMs/

RNN

» RNNs are a family of neural networks for processing sequential data.

» A RNN is a neural network that is specialized for processing a sequence of values

PO

» Unfold the computational graph of a dynamical system:

I
l V) L’ 0 @ H h‘ )I
i \—’
/ quuld

Fig. from Goodfellow et al. (2016)
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Preview on RNN

http://colah.github.io/posts/2015-08-Understanding-LSTMs/

» Recurrent layers use their own output
as input.

» In Figure: A is a recurrent cell

» Introduce history or time dependency
in NNs.

» The only way to efficiently train them
is to unroll them.

RO = f ( hED X0 56 )
Cell Function Old state Input vector
state (paramete- at time t
rized)

®
®
®
-
®

An unrolled recurrent neural network.
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Feed-Forward Nets Revisited
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Handling Individual Time Steps

Output
Vector

Vector ! !
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Neurons With Recurrence

ho

Output
Vector

Input
Vector

@

ht
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Neurons With Recurrence

Output
Vector

Input | :
X
Vector Q : : @

o= f(x, hea)
~—~ N——
output input past memory
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Recurrent Neural Networks

Output . » Apply a recurrence relation at every time step to
Vector e process a sequence:
A
h: = fw Xt , hq
N~~~ ~— ~—~ ~ _
h cell state function with \input old state
t weights W

P cell state function input old state with weights W

» Note: the same function and set of parameters are used

at every time step.
Input y P

Vector RNNs have a cell state that is updated at each time step
as a sequence is proceeded.
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RNN Intuition

Output A
Vector

my rnn - RNN()
hidden state - [0, 0, 0

’

sentence = ["I", "love", "recurrent", "neural"]

for word sentence:

prediction, hidden state - my rnn(word, hidden state)

next word prediction - prediction

Input
Vector
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RNN Intuition

Output o
t
Vector
A my rnn - RNN()
hidden state = [0, 0, 0, 0]
ht sentence ["I", "love", "recurrent", "neural"]
for word sentence:
prediction, hidden state = my rnn(word, hidden state)
next word prediction - prediction
Input
Vector
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RNN Intuition

Output o
t
Vector
A my_rnn -~ RNN()
hidden state = [0, 0, 0, 0]
h sentence ["I", "love", "recurrent", "neural"]
t
for word sentence:
prediction, hidden state = my rnn(word, hidden state)
next word prediction - prediction
Input
Vector
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RNN State Update And Output

Output
Vector » Output vector

e = Wyyhe
\i-_‘ » Update hidden state

he = tanh (Wi,he—1 + Wix)

| 4
Input
X Xt
Vector @
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RNN In One Slide

» RNN models a dynamic system, where the
hidden (cell) state h; is not only dependent on
the current observation x, but also relies on the

previous hidden state h. h; = tanh (Wppht—1 + Wipx: + bp)
» More specifically, we can represent h; as z; = softmax (W h: + by)
h: =f(he1,x:) (Eq. 1) where fis a L(x,y) = — Z%'ngt

nonlinear (time-invariant) mapping.
» Thus, h; contains information about the whole

sequence, which can be inferred from the
recursive definition in Eq.1.

» |n other words, RNN can use the hidden
variables as a memory to capture long term
information from Figare 1: It is a RNN example
corresponding extended RNN moil a sequence.

» Prediction at the time step t: z;
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RNN: Computation Graph Across Time

Output
Vector
h — represent as computational graph
unrolled across time.
Input
X
Vector @
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Back-Propagation Through Time

———> Forward Pass
<—— Backward Pass

Re-use same weight matrices at every time step!
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RNN From Scratch & Tensorflow

E ell(tf keras. layers Layer):
def init (self, rnn_units, input_dim, output dim):
super (MyRNNCell, self). init_ ()

Output .

yt self W_hh add_weight([rnn_units, rnn_units])
VeCtOF self W_hy add_weight([output_dim, rnn units])

self W_xh add_weight([rnn_units, input_dim])

self h tf.zeros([rnn_units, 1

call(self, x):

self h tf math tanh( self wW_hh * self h self W_xh

output self W_hy self.h

rn output, self h

Input
Vector

tf keras.layers.SimpleRNN(rnn_units)

T
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RNN Intuition

Output
Vector

shllass

One to One Many to One
E.g. Binary E.g. Sentiment c C;f;;‘gx:zm" EMMTY; shfs:\'l)yn
Classification Classification -0- .g.

Input
X
Vector t
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Sequence Modeling — Design Criteria

Output Vi Recall: to model sequences, we need to:
Vector

. » Handle variable-length sequences.
» Track long-term dependencies.
E J » Maintain information about order.

» Share parameters across the sequence.

— Recurrent Neural Networks (RNNs)

meet these sequence modeling design
criteria.

Input
Vector
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Handle Variable Sequence Lengths

Output ‘
Vector
great.
VS.
w lunch.

VS.

Input @ eating.
t
Vector

37/74



Backpropagation Through Time

Output
Vector

Computing the gradient wrt. hg involves
Input X, many factors of Wy,;,+ repeated gradient
Vector computation!
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Backpropagation Through Time

Output
Vector

ht
- i

K

Input Many values > 1: Many values < 1:
Vector Xt Exploding gradients Vanishing gradients
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RNNs with PyTorch

Action required:
— lecture_6/ Finger_exercises/01__RNN__torch.ipynb
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Recall: RNN Hard to Train

http://colah.github.io/posts/2015-08-Understanding-LSTMs/

Recurrent blocks suffer from two problems:

» Long-term dependencies do not work
well. ® ® ® ®
T 1 1
A

» Difficult to connect two distant parts 1
of the input. Al A

(A (A A —1a
> Magr)ijcude of the signal can get é (l) @B é é

amplified at each recurrent
connection.

| grew up in England... and | speak fluent
» At every time iteration, the gradient

can either vanish or explode.
» Very hard to train them.
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http://colah.github.io/posts/2015-08-Understanding-LSTMs/

Long Short-Term Memory (LSTM)

http://colah.github.io/posts/2015-08-Understanding-LSTMs/

» Hochreiter & Schmidhuber (1997)

» LSTM layers are improved versions of
the recurrent layers.
» They rely on a gated cell to track
information throughout many time
steps.

P> They can learn long-term
dependencies.
» They can forget.

» They have an internal state and a ©
structure which is composed of four
actual layers.
P Layers labeled with o are gates which
can block or let information flow.

® @
; I !
A | Ladstll| A I
T
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http://colah.github.io/posts/2015-08-Understanding-LSTMs/

Long Short-Term Memory (LSTM)

http://colah.github.io/posts/2015-08-Understanding-LSTMs/

» The core of LSTM is a memory unit (or cell) ¢;
which encodes the information of the inputs
that have been observed up to that step.

» The memory cell ¢; has the same inputs (h;_1
and x;) and outputs h; as a normal recurrent
network, but has more gating units which
control the information flow.

» The input gate and output gate respectively
control the information input to the memory
unit and the information output from the unit.
More specifically, the output h; of the LSTM
cell can be shut off via the output gate.

Fig. from G. Chen (2016)
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LSTM Forget Gate

http://www.bioinf.jku.at/publications/older/2604.pdf
http://colah.github.io/posts/2015-08-Understanding-LSTMs/

A 49

» LSTMs follow two paths g

» They update their internal state.
» They give an output based on
the internal state and the input.

» A gate layer o decides if we

should forget an old part of the 1. Forget

internal state. 2. Store
» Something which has to be 3. Update

replaced by new information. 4. Output
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http://www.bioinf.jku.at/publications/older/2604.pdf
http://colah.github.io/posts/2015-08-Understanding-LSTMs/

LSTM New State

http://www.bioinf.jku.at/publications/older/2604.pdf
http://colah.github.io/posts/2015-08-Understanding-LSTMs/

» Once that the layer decided what to
forget, it computes:
» What has to replace it, /i, based by [
on the input and the old state.
» What has to be used to replace

it, the candidate value C;

» The new state C; can be computed
based on the new information. LR S —

1 mh

=

sl NS

Forget
Store
Update
Output

Forget
Store
Update
Output
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http://www.bioinf.jku.at/publications/older/2604.pdf
http://colah.github.io/posts/2015-08-Understanding-LSTMs/

LSTM Output

http://www.bioinf.jku.at/publications/older/2604.pdf
http://colah.github.io/posts/2015-08-Understanding-LSTMs/

» Based on the new state and the
input, the layer can produce a
result.

» this is the output.

» the same value is also passed to
the next iteration.

» Why is this so important?

» Many translation algorithms and
voice interpreters are based on
small variations of this layer.

» Action required:
demo/05_RNN_intro.ipynb (see
also https://www.tensorflow.org/

guide/keras/rnn)

A oW NN =

. Forget
. Store

. Update
. Output
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Action Required

» demo/05_RNN_intro.ipynb (Ozone and stock market time series data).

» There is a weather data set from the Max Planck Institute of Biochemistry
https://www.bgc-jena.mpg.de/wetter/.

» Open the notebook demo/05b_Weather_data.ipynb.

» Given this time series (Temperature as a function of time), try to make
predictions of various time intervals into the future.
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https://www.bgc-jena.mpg.de/wetter/.

Limitations of Recurrent Models

» Encoding bottleneck

» Slow, no parallelization

» Not long memory (very long sequences cannot be handled, not even by LSTMs)
» Can we go beyond those limitations to process sequential data?

sentiment
<positive>
| love this class!
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High-level Goal of Sequence Modeling

Sequence of outputs A 92 Pz -1 B output
Sequence of features @ - E - a E E - E feature vector
Sequence of inputs Xo Xy X Xiaz Xpa1 X3 input

RNNs: recurrence to model sequence dependencies

» Encoding bottleneck
» Slow, no parallelization
» Not long memory (very long sequences cannot be handled, not even by LSTMs)

» Can we go beyond those limitations to process sequential data?
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Desired Capabilities

Sequence of outputs Do A 92 Pz 9t A 9 output

I

1 I I
Sequence of features @ - @ - a @ - E — @ feature vector
I 1o I f

Sequence of inputs Xo X3 X Weea| (RN 2K input

t

RNNs: recurrence to model sequence dependencies

» Continuous stream
» Parallelization
» Long memory

— Can we eliminate the need for recurrence entirely (i.e., no need to process the data
time-step by time-step)?
50 /74



A Naive Approach: Feed everything into a dense
network

— Can we eliminate the need for recurrence entirely (i.e., no need to process the data
time-step by time-step)?

Po b 92 Pez Peer P output

feature vector

xo xl xz xt_z xt_i xr inpul

» No recurrence (good)
» Not scalable (bad; network would be gigantic)
» No order (bad)

» No long memory (bad)
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A Naive Approach: Feed everything into a dense

network

Po h 92 Pr-2 P P output

feature vector

X0 X1 X3 Xp—2 Xp—1 X input

» No recurrence (good)
» Not scalable (bad; network would be gigantic)
» No order (bad)
» No long memory (bad)
— ldea: ldentify and attend to what is important
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Attention is all you Need

Attention: | cannot overstate the importance of this concept. It's the underlying
building principle, e.g., of Chat-GPT (Generative Pre-trained Transformers).

Attending to the most important parts of an input.

» Idea: Identify and attend to what is important.
» Naive: Scan (with eyes) over the image.

53/74



Intuition behind Self-Attention

Attending to the most important parts of an input.

Attending to the most important parts of an input.

» |dentify which parts to attend to (similar to a search problem).

» Extract the features with high attention.
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A Simple Example: Search

How can | learn
more about
neural networks?

» Search through the internet.
» Trying to find something that matters.
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Understand Attention with Search

* YouTube

| GIANT SEA TURTLES + AMAZING CORAL REEF FISH + 12

| HOURS of THE BEST RELAX MUSIC
by U
ﬁ 6 .
o

| MIT 65191 (2020): Introduction to Deep Learning

» You enter a query ("deep learning”).

» Find the overlap between your query and each of those titles right the keys in the
database.

» We want to compute a metric of similarity and relevance between the queries and
the keys.

» How similar are they?
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Understand Attention with Search

vVvyYyy

A\ 2 /

The Second option is relevant.

The Third option is not so relevant.
Key operation: similarity computation bringing the query and the key together.

The final step is now that we have identified what key is relevant to extract the
relevant information that we want to pay attention to: the video itself.

We can see this the value.

Extracted successfully the relevant video.
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Learning Self-Attention with Neural Networks

— Data is fed in all at once! Need to encode position information to understand order.

Goal: identify and attend to most
important features in input.

mmﬁﬁﬁﬁ@ﬁﬁ

PPz p Pi Ps Do

EBEEEH

Position-aware encoding

I. Encode position information

posn
informati
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Learning Self-Attention with Neural Networks

— Three sets of Neural Network weights for Query, Key, and Value.

Q

Goal: identify and attend to most % X m = . Query
important features in input.

I. Encode position information K

2. Extract query, key, value for search a ﬁ - Key

Vv
: IIII B IIII Value

Positional Linear Output
embedding layer
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Learning Self-Attention with Neural Networks

— Three sets of Neural Network weights for Query, Key, and Value.

Goal: identify and attend to most Attention score: compute pairwise
important features in input. similarity between each query and key
I. Encode position information How to compute similarity between two
sets of features?

2. Extract query, key, value for search

Q Dot rcccaao

3. Compute attention weighting K |
od .
product : Q K

1
Scale il !
Similarity
metric

Also known as the “cosine similarity’'
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Learning Self-Attention with Neural Networks

— Three sets of Neural Network weights for Query, Key, and Value.

Goal: identify and attend to most Attention score: compute pairwise
important features in input. similarity between each query and key
I. Encode position information How to compute similarity between two
sets of features?

2. Extract query, key, value for search

Q Dot rcccaao

3. Compute attention weighting K |
od .
product : Q K

1
Scale il !
Similarity
metric

Also known as the “cosine similarity’'

61/74



Learning Self-Attention with Neural Networks

— Three sets of Neural Network weights for Query, Key, and Value.

Goal: identify and attend to most Attention score: compute pairwise

important features in input. similarity between each query and key
I. Encode position information How to compute similarity between two

sets of features?
2. Extract query, key, value for search
T

3. Compute attention weighting Q K Dot eo o
product | () - KT :
A 1
: - ‘ : sealing |
S L

Similarity

Query Key metric

Also known as the “cosine similarity”
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Learning Self-Attention with Neural Networks

— Three sets of Neural Network weights for Query, Key, and Value.

Goal: identify and attend to most Attention weighting: where to attend to!
important features in input. How similar is the key to the query?
T,iy.1
I. Encode position information 2825808

He

2. Extract query, key, value for search tossed
the
tennis
ball

3. Compute attention weighting

serve
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Learning Self-Attention with Neural Networks

— Three sets of Neural Network weights for Query, Key, and Value.

Goal: identify and attend to most Attention weighting: where to attend to!
important features in input. How similar is the key to the query?
T,iy.1
I. Encode position information 2825808

He

2. Extract query, key, value for search tossed
the
tennis
ball

3. Compute attention weighting

serve
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Learning Self-Attention with Neural Networks

— Three sets of Neural Network weights for Query, Key, and Value.

Goal: identify and attend to most Attention weighting: where to attend to!
important features in input. How similar is the key to the query?

-]

s 0

I. Encode position information

2. Extract query, key, value for search

QK"
softmax (scaiing

Attention weighting

3. Compute attention weighting
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Learning Self-Attention with Neural Networks

— Three sets of Neural Network weights for Query, Key, and Value.

B v D

Goal: identify and attend to most
important features in input.

Encode position information
Extract query, key, value for search
Compute attention weighting

Extract features with high attention

Last step: self-attend to extract features

Ed I

Attention Value Output
weighting
softmax QKT V =A(Q,K,V)
scaling i
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Learning Self-Attention with Neural Networks: Recap

Value

[ o= -
EE D

sitional Encoding

softmax (Q—KT) Vv

scaling

» Goal: identify and attend to the most important features in the input.
» Encode position information.

» Extract query, key, and value for search.

» Compute attention weighting.

» Extract features with high attention.

— These operations form a self-attention head that can plug into a larger network.

Each head attends to a different part of the input.
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Applying Multiple Self-Attention Heads

Output of attention head | Output of attention head 2 Output of attention head 3
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Self-attention applied

Language Processing Biological Sequences Computer Vision

An armchair in the shape
of an avocado

BERT, GPT-3 AlphaFold2 Vision Transformers

Devlin et al, NAACL 2019 Jumper et al, Nature 202 Dosovitskiy et al, ICLR 2020
Brown et al, NeurlP§ 2020
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Deep Learning for Sequence Modeling: Summary

RNNs are well suited for sequence modeling tasks.

Model sequences via a recurrence relation.

Training RNNs with backpropagation through time.

Models for music generation, classification, machine translation, and more.

Self-attention to model sequences without recurrence.

ok W=

Self-attention is the basis for many large language models.
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Convolutional Neural Nets

» Possibly the most successful types of networks.

|
|

v

Uses sequences of convolutional layers.

Can be interleaved with pooling operations or
fully connected layers.

Train faster than MLPs.

Can be used for 2D, 3D or higher dimensions
(though 2D are the most common).

Used for image recognition, object detection,
sound analysis, etc.

There exist more intricate architectures.

Yann LeCun (1998): http://yann.lecun.
com/exdb/publis/pdf/lecun-98.pdf
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Convolutional Neural Nets

hidden layer 1 hidden layer 2

Left: A regular 3-layer Neural Network. Right: A ConvNet arranges its neurons in three dimensions (width, height, depth), as
visualized in one of the layers. Every layer of a ConvNet transforms the 3D input volume to a 3D output volume of neuron
activations. In this example, the red input layer holds the image, so its width and height would be the dimensions of the image,
and the depth would be 3 (Red, Green, Blue channels).
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Generative Adversarial Nets

» GANs were introduced by Goodfellow et al. égne

(2014) 1
https://arxiv.org/abs/1406.2661. gﬁ AL H
» The idea is to train a network to generate i i

samples which are indistinguishable from real
ones (from the training set).

» The input is a random noise sample (latent

Sample Generator

space). (anr o o, 3017

» Another network is trained at the same time to
distinguish between real and fake samples.

Real or Fake

Discriminator Network

See https://arxiv.org/abs/1701.00160 for a turorial. Upper fig (fom genersien ,ﬁiﬂ: (rom raming 2
t
from Goodfellow (2018). [ Generator Network |

Random noise z
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https://arxiv.org/abs/1406.2661.
https://arxiv.org/abs/1701.00160

Questions?
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